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Abstract. The paper investigates a problem connected with automatic analysis
of sentiment (opinion) in textual natural-language documents. The initial situa-
tion works on the assumption that a user has many documents centered around a
certain topic with different opinions of it. The user wants to pick out only relevant
documents that represent a certain sentiment – for example, only positive reviews
of a certain subject. Having not too many typical patterns of the desired docu-
ment type, the user needs a tool that can collect documents which are similar to
the patterns. The suggested procedure is based on computing the similarity degree
between patterns and unlabeled documents, which are then ranked according to
their similarity to the patterns. The similarity is calculated as a distance between
patterns and unlabeled items. The results are shown for publicly accessible down-
loaded real-world data in two languages, English and Czech.

Keywords: sentiment/opinion analysis, textual patterns, natural language, textual
document similarity, similarity ranking.

1 Introduction

In this article, the authors present a procedure how to simply single out textual
documents representing a specific opinion from a big group of documents with different
opinions. The whole document group is centered around one common topic. This
problem in question is now very actual. The last years have introduced various new web-
technologies as Web 2.0, which facilitates a massive expansion of using the Internet for
expressing different or miscellaneous opinions (via messages) between people, groups
of people, administrative authorities, commercial or non-commercial organizations and
institutions, and so like. Shared on-line journals known as blogs enable people to post
daily entries about their personal experiences and hobbies. Customers can provide
valuable feedbacks both for e-shops (like amazon.com) and their potential future
customers who can read opinions and experiences willingly provided by shoppers.
Similarly, the Internet is a host of uncountable discussion groups, newsgroups, and
tens of social networks like Facebook that unites more than 100 millions of unique
visitors. The significant part of the reciprocal communication data is expressed in
natural languages using the textual form. Such the data are very interesting because
they usually hide a lot of information and knowledge that can be used for various goals,
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including the business ones. Therefore, the question is how to mine that textual data.
During the last 20 years or so, many useful text-mining methods and algorithms have
been developed [1]. If the data enable the application of classification, it is the best
approach. However, very often the potential training data miss labeling that is necessary
for the future including of individual items (text documents) into their appropriate
classes [2].

2 Basic Ideas

The article points to an alternative method that avoids the large labeling of individual
training items. This method, described in the next chapters, introduces more initial
information into the process of recognizing unlabeled items. The idea comes from a
typical real situation when somebody has only a small collection of ‘good’ examples,
or patterns, available. From a large number of various text documents, he or she
wants to remove what is different from the patterns so that the remaining part of
textual items represents interesting or relevant group of articles, blog entries, or
discussion submissions. The main idea is based on determining the similarity degree
[3] between the patterns and an unlabeled textual item [4]. In addition, this approach
is not aimed at categorizing the items according some given topics. Typically, there is
only one main shared topic and the authors are interested in separating the unlabeled
text items according different opinions (or, as it is often used as an alternative
term, sentiments). The automatic sentiment/opinion analysis can sort those numerous
individual contributions that are expressed in natural languages. For example, people
purchasing a specific product using an on-line web-based shop can later write their
opinions [5]. Other purchasers can then submit similar or different meanings, also
with a reference to previous entries, and the e-seller can analyze such submissions and
draw appropriate conclusions. Similarly, in various discussion groups, some people can
provide a message about their opinion of a book, film, politician, and so like – it can
help others for their final decisions if yes or no. Thus, a reader of such text messages
may want to select only positive or negative items from a large collection. He or she can
choose some patterns which correspond to his or her sentiment and then let a machine
find similar items.

3 Data Sets Used for Experiments

The main idea of looking for documents that are similar to patterns was tested using
several real-world data sets obtained by downloading from publicly and commonly
accessible data sources: amazon.com [6] plus amazon.co.uk [7] (in English), and the
archive of a Czech newspaper MF Dnes articles (the electronic version) [8] plus a web-
site of a Czech political party [9] (both in Czech). The selected amazon data included
opinions of customers on a particular iPod head-phones (consumer electronics) – 30
positive and 48 negative customer-opinions; computer hardware (Western Digital USB
external hard disk) – 47 positive and 37 negative opinions; a book (King James version
of Bible) – 130 positive and 86 negative opinions; a film (Caligula, the Unrated Edition)
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– 100 positive and 64 negative opinions; and articles on a political party program (the
Czech Social Democratic Party, ČSSD) – 22 positive and 22 negative opinions.

The amazon data-sets consist of various entries describing consumers’ meanings. In
addition, each contributor assigns one star (the worst evaluation of a product) up to
five stars (the best evaluation) according to his or her opinion. The authors selected
only two groups: with one- (negative) and five-star (positive) evaluation, excluding the
rest because 2, 3, and 4 stars expressed more-or-less ambiguous opinions – it was also
difficult for humans to decide whether it was a positive or negative opinion as those
opinions were more-or-less mixed. The goal was an attempt to automatically select
contributions belonging to one- or five-star evaluation using only the text contents.

It is necessary to remark that the amazon data are typical, with many expected
problems. First, some contributions are long enough to clearly express the opinion, but
most of them are short, some of them very short. Second, some positive (or negative)
contributions express the same opinion using different words, for example, synonyms,
idioms, or word connections – it means that such documents can look different from the
word-based viewpoint. Third, the contributions contain mistypings and spelling errors,
therefore the same word typed differently by two persons looks absolutely different
from a machine point of view, extending the dictionary. To name but a few from, for
example, the Western Digital USB hard-disk data: absoloutely/absolutley/absolutely,
beleive/believe, definately/definitely, where only the last word form is correct. Anyway,
these problems are quite typical (and naturally inevitable) for such blogs and discussion
groups. The decision to experiment also with Czech texts was intended to show whether
the presented method works also for other language than English. As an example, the
authors found politically-based data that contained contributions for and against one
of the present-day Czech political party platforms before elections. The realization
and results of experiments with all the above mentioned data sets are described in the
following sections.

4 Text Document Pre-processing and Representation

Textual documents in a natural language contain words and these words are used for
determining the similarity between two documents. The preceding research of many
scientists brought a lot of algorithms and methods that proved their good quality and
usefulness also in practice. A standard procedure includes pre-processing based on
creating a bag-of-words and consecutively a dictionary (a set of words) from words
in text documents available. A certain advantage is that such a process can be easily
done by computers. On the other hand, a bag-of-words contains words without the
information about their original positions in a document – a loss of information. More
sophisticated methods need more complex procedures that are – unlike the simple
bag-of-words approach – much more dependent on a specific language. The authors
decided to employ the standard procedure because they wanted to create a method based
on the automatic natural-language processing without a big dependency on individual
languages.

The pre-processing did not use removing stop-words because most of the items were
very short and it would be necessary to carry out the specific stop-word analysis for
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each of the data collection – not always the list of common stop-words can be used.
The shortness of text items was also the reason why the pre-processing procedure did
not remove words with too high or too low frequency. The authors do not exclude the
possibility that a deeper analysis of the text properties could somehow improve the
results but it was not the primary goal of this paper.

Analogously, the ‘short’ words (typically, up to three letters) were not removed as it
is typical for English texts because the authors wanted to apply the same approach to
another (Slavonic) language, as well. Such a procedure would request additional text
analysis that could be specific for different languages.

A word can be represented by several popular methods [1]: as a binary number (1/0,
or a word is/is not in a document), frequency number (how many times a word is in
a document), or TF�IDF (term frequency times the inverted document frequency).
Independently on the representation, the dictionary (as well as each document) was
transformed into a multidimensional vector where individual word representations were
used as coordinates within the abstract space with each dictionary word as one of
dimensions. Several initial experiments showed that the best results were provided by
the frequency representation.

It is necessary to emphasize that the vectors did not contain the original class
membership (that is, belonging to the positive or negative group of opinions).

5 The Similarity of Unlabeled Documents to Patterns

The similarity degree between an unlabeled document and a selected pattern is
computed using the word representation. Here, the word frequency representation was
used as features in the vectors, where a vector represents one text document. The more
words with their frequencies are equal in a pair of vectors the higher the similarity
between both documents is, and vice versa. Each document can be taken as a point
in an n-dimensional abstract space with coordinates given by the word frequencies
(each word makes one of the axes). In this case, the similarity degree can be expressed
as a distance between two points where the zero distance means an identical couple
of documents [1]. Therefore, having two textual documents A and B , the Euclidean
distance L E between a text document d�A� and d�B� in Cartesian coordinates can be
calculated in the following way:

L E �

����
n�

i�1

�d�A�

i � d�B�

i �2 � (1)

where d���

i is the i -th word coordinate of an n-dimensional point representing a docu-
ment, and n is the number of unique words in the dictionary of all documents used as
examples. The values of d���

i are the mentioned word frequencies.
If a document is taken as a vector in Cartesian coordinate system, then the vector

similarity is given by the angle � between both vectors, where the zero angle means
the 100% similarity. Typically, the vectors are very sparse, containing only few shared
words between documents A and B. The similarity is expressed using cosine of the
angle �:
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cos��� �
A � B

� A �� B �
� (2)

which is a dot-product of two vectors A and B using the word frequencies as the features,
where � � � is a vector magnitude (length).

The other question is how many patterns are necessary as the good samples of an
opinion which should be extracted from the whole data collection. It depends on the
available number of examples that express the monitored kind of opinion. Too low
example number may restrict the extracted documents too much. Too many different
examples of a certain opinion may be the leading cause of too broad extraction with
too many documents having a low similarity. Or, if there are too many very similar
patterns, it can lead to a high and redundant computational complexity coming out
from computation of many distances.

6 Ranking by Similarity

After computing distances of all unlabeled text documents to the patterns, the docu-
ments are sorted so that the most similar one is at the top of the rank and the less similar
ones are placed lower. Then, the user may decide how many documents from the rank
top could be processed by any following method. Typically, a user chooses a relatively
small number, units or tens, of the top-ranked items for his or her following work. The
rank can contain thousands or far more documents but the user can process only a lim-
ited number of them – naturally, the user wants the items that are very similar to the
known patterns. Such a procedure is similar to ‘classification’ when only one class is
known while all the available unlabeled items can belong to the unknown number of
various classes.

As it can be expected, the suggested procedure cannot be errorless. The error of the
similarity ranking originates in the fact that at the top of the rank there can also be false
positives because the similarity is measured imperfectly and the noisy text items may
sometimes cause improper results. Testing the procedure with known data, it is possible
to study how many correct items are at the top and how the correctness decreases
towards the bottom. Ideally, all items with the monitored opinion should be higher than
items with different opinions. However, as the similarity decreases, the possibility of
errors increases – in fact, also human beings often cannot quite unambiguously decide
if an item still belongs among the relevant ones or not.

7 Experiments and Their Results

In the experiments with the five data sets mentioned above, randomly selected subsets
of textual items with a specific opinion were used as patterns. The number of patterns
changed from 10 to 35 (for details, see also the graph in Figure 1 and Table 1
description), depending also on the size of the original data set to keep the sufficient
number of testing examples. For the amazon data, the authors focused on the radical
univocal opinion degrees: to reveal whether it would be simply possible to correctly
assign positive opinions written in a natural language to the five-star (or one-star)
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category. After detaching the patterns, the rest of the opinion examples was used for
testing – the set of unlabeled items containing both the same monitored opinion, and
the unmonitored rest (the opposite opinion).

Fig. 1. With the increasing number N of documents taken from the top of the rank, the chance of
obtaining misplaced items increases as well. At the beginning, for N � 10, some curves overlap
but all start at N � 1. The ČSSD curve is for the political discussion data in Czech. The remaining
four curves demonstrate positive and negative opinions in English written by amazon customers
on various purchased products.

Applying the similarity procedure described above, the degree of errors was studied
in dependence on the number of patterns and the type of the similarity as the parameters.
In the graph Fig. 1, a reader can see the results for the optimal parameters. The
experiments used the two similarity methods (Euclidean and cosine) with a small
negligible difference between them. In some cases the Euclidean distance provided
slightly better results than the cosine one. Thus, only the results with the Euclidean
similarity are demonstrated here.

Each member of the testing set was successively compared to all the individual
patterns. As the final similarity degree, the nearest pattern was taken, where the degree
was given by the computed distance. After processing of all the testing samples, they
were ranked according their similarity degree starting with the most similar ones at the
top. Then, the number of misplaced items specified the error. Ideally, all the samples
with the monitored opinion should be placed before the first item having the opposite
opinion. However, some items were misplaced, especially those ones that were too
brief, having not many words. The experiments showed that larger texts provided lower
errors, which could be logically expected because of the higher information contents
given by words. The curves in the graph Fig. 1 depict the percentage of correct opinion-
placing (the vertical coordinate axis correctness of location) for the first N documents in
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Table 1. Parameters of the individual data groups. The table shows the total number of samples,
the number of samples with the positive (�) and negative (�) opinion, and the number of patterns
with either the positive or negative monitored opinion. The negative monitored opinion took
patterns from the negative samples and vice versa.

data group samples � opinions � opinions patterns monitored opinion
headphones 78 30 48 10 �

hard disk 84 47 37 10 �

book 216 130 86 35 �

film 174 110 64 25 �

ČSSD 44 22 22 8 �

the rank (N� the horizontal axis). For example, if a user would select the first five items
(N � 5) from the top, there may be only examples of his or her monitored opinion type:
the correctness would be 100 %. Analogously, for the first N � 10 items with three
misplaced ones, the correctness is 70 %. As the N increases, the correctness expectedly
decreases because the similarity of all samples varies and sometimes overlaps for
different opinions.

The table Tab. 1 shows the detailed parameters for each of the five individual data
groups. It is obvious that the data sets having more examples for both of the investigated
opinion groups (positive and negative) provided better results: see the curves book
and film. Such the data could give also more patterns for the monitored opinion (35
and 25, resp.). Clearly, their correctness descent is slower than for the other, smaller
data. The political data gave the best results for 8 patterns, which is obviously not too
many comparing with the other data groups, and it would be necessary to collect more
examples for both opinions. The headphones and hard disk data are somewhere in the
middle, which corresponds to the number of available examples.

8 Conclusions

The experiments with the five groups of textual data in natural language downloaded
from the real world demonstrated that the procedure based on selecting a limited
number of good patterns representing a certain opinion centered around a specific topic
can provide acceptable results. The unlabeled samples are ranked according to their
similarity with the patterns. It is up to a user how many of the most similar samples
he or she takes for the future usage – with the increasing number of selected items
the error of an inappropriate selection increases. The results also confirmed that more
patterns increase the correctness of the selection. It is necessary to emphasize the fact
that the goal was not to exactly separate classes – it would be a task for a classification
procedure providing that all the training samples are labeled. A request from potential
users is to select not too many (max. tens) ‘good’ items from hundreds, thousands, or
much more. In such a case, manual labeling of all training examples would be too much
expensive, if realizable. The continuing research is focused on more elaborate data pre-
processing to improve the selection correctness for more and larger data collections. In
addition, the study of dependence on different similarity algorithms is planned as well.
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9. ČSSD (March 2010), http://www.cssd.cz

http://www.amazon.com
http://www.amazon.co.uk
http://mfdnes.newtonit.cz
http://www.cssd.cz

	Automatic Sentiment Analysis Using the Textual Pattern Content Similarity in Natural Language
	Introduction
	Basic Ideas
	Data Sets Used for Experiments
	Text Document Pre-processing and Representation
	The Similarity of Unlabeled Documents to Patterns
	Ranking by Similarity
	Experiments and Their Results
	Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated v2 300% \050ECI\051)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 149
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 149
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 599
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
    /DEU <>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.276 841.890]
>> setpagedevice




